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Abstract—Hyperspectral image classification is important for
fields such as precision agriculture, environmental monitoring,
food safety, and medical diagnostics. However, it remains chal-
lenging due to the large number of spectral bands, insufficient
labeled data, and differences in spatial patterns. In this study,
we examined how spectral band reduction affects lightweight
spectral-spatial classification and how the resulting models be-
have when labeled data is limited. We compared three band-
selection methods, including IBRA+GSS, SSEP, and SRPA, using
two lightweight neural network models: Hyper3DNetLite and an
attention-based 3D CNN. To ensure a controlled comparison, we
applied the same training and hyperparameter tuning process
across five widely used benchmark datasets and evaluated spec-
tral settings of 5, 20, and 50 selected bands. Hyper3DNetLite
with IBRA+GSS achieved the best overall cross-dataset ranking,
although no pipeline showed statistical superiority across all
settings. With this setup, we further evaluated pseudo-label-
based semi-supervised learning (SSL) when labeled data was
limited. Pseudo-labeling provided direct gains in selected low-
and intermediate-label settings, while in many other cases its
performance remained close to the matched supervised baseline.
Overall, the results suggest that pseudo-labeling is most useful
when the initial supervised model is sufficiently reliable under
the selected band-reduced representation.

Index Terms—Band selection, hyperspectral imaging, la-
bel scarcity, pseudo-labeling, semi-supervised learning, spec-
tral–spatial classification.

I. INTRODUCTION

Hyperspectral image (HSI) classification requires models
that can handle hundreds of spectral bands while preserving
useful spectral and spatial information across different scenes.
These images can contain hundreds or even thousands of
narrow spectral bands, many of which are strongly correlated.
Training deep learning models on such high-dimensional data
is computationally expensive and memory-intensive. At the
same time, acquiring reliable pixel-level labels is expensive
and often requires expert knowledge. Therefore, reducing
spectral dimensionality while preserving classification accu-
racy and reducing the dependence on labeled data are both
important problems in hyperspectral image classification.

Spectral-spatial convolutional models address part of this
challenge by learning information jointly across spectral chan-
nels and neighboring pixels, but their computational require-
ments can increase with the number of input bands [1].
Earlier work by Morales et al. [2] introduced Hyper3DNet,

a hybrid 3D-2D convolutional architecture that uses Principal
Component Analysis (PCA) to reduce the spectral dimension.
Although the model achieved strong classification perfor-
mance, the use of multiple 3D convolutional layers made
training computationally intensive. In their later work, Morales
et al. [3] proposed Hyper3DNetLite, a lightweight variant that
evaluates several band-reduction strategies, including Inter-
Band Redundancy Analysis with Greedy Spectral Selection
(IBRA+GSS) and IBRA+PCA. Their results showed that the
IBRA+GSS combination provides effective spectral reduction
while retaining high classification accuracy. These results
make Hyper3DNetLite a useful representative of classifiers
designed for strongly reduced spectral inputs. We therefore
include it as one lightweight architecture in this study rather
than repeating the classical baseline comparisons already re-
ported in the original work.

More recent attention-based methods such as Spatial–
Spectral Edge Preservation (SSEP) and Spectral-Redundancy
Penalized Attention Ranking (SRPA) use a different strategy,
where spectral importance is learned together with spatial
information [4]. However, existing band-selection approaches
are commonly evaluated using different classifiers, datasets,
and training settings, making it difficult to determine whether
performance differences come from the selected bands or from
the surrounding experimental setup. We therefore compare
IBRA+GSS, SSEP, and SRPA under the same preprocessing,
model-training, and evaluation procedure. Hyper3DNetLite
and the attention-based 3D CNN provide two complementary
lightweight architectures: one was designed for reduced spec-
tral inputs, while the other learns spectral importance through
attention.

Another important challenge in HSI is the limited avail-
ability of labeled hyperspectral samples. Acquiring pixel-level
ground truth is labor-intensive and often requires expert knowl-
edge, making semi-supervised learning (SSL) an important
research direction. In this work, we use pseudo-labeling as a
simple SSL mechanism to examine whether unlabeled samples
provide additional benefit when the manually labeled subset
is reduced, rather than comparing different SSL algorithms.
Based on the supervised comparison, Hyper3DNetLite with
IBRA+GSS is then used for this label-scarcity analysis. Ac-
cordingly, this study addresses three questions: how differ-
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Fig. 1. Overview of hyperspectral classification pipeline.

TABLE I
SUMMARY OF THE HYPERSPECTRAL DATASETS USED IN THIS STUDY.

Dataset Usable Bands Classes Labeled Pixels
Indian Pines 200 16 10,249
Salinas 204 16 54,129
Pavia University 103 9 42,776
Pavia Centre 102 9 148,152
KSC 176 13 5,211

ent band-selection strategies affect lightweight spectral-spatial
classifiers under the same experimental conditions; whether
any model–band-selection combination remains consistently
strong across datasets and spectral budgets; and under what
label-scarcity conditions pseudo-labeling provides additional
benefit beyond a supervised model trained with the same
labeled fraction.

II. EXPERIMENTAL FRAMEWORK

Figure 1 summarizes the overall experimental workflow.

A. Input Data

We evaluated the methods on five commonly used hyper-
spectral benchmark datasets [5]: Indian Pines, Salinas, Pavia
University, Pavia Centre, and Kennedy Space Center (KSC).
Collectively, these datasets represent agricultural, urban, and
wetland scenes and cover the visible (VIS), near-infrared
(NIR), and short-wave infrared (SWIR) spectral regions. They
differ in scene type, spatial resolution, spectral characteristics,
class distribution, and degree of class imbalance, allowing the
same pipeline to be evaluated under diverse hyperspectral con-
ditions. Table I summarizes the main dataset characteristics.

Indian Pines was acquired using the Airborne Visi-
ble/Infrared Imaging Spectrometer (AVIRIS) over an agri-
cultural region in Indiana [6]. The scene contains 16 land-
cover classes and is characterized by relatively small and
imbalanced classes. Salinas was also acquired using AVIRIS
and mainly contains agricultural crops with comparatively
larger and more homogeneous regions [7]. Pavia University
and Pavia Centre were collected using the ROSIS imaging
spectrometer over urban areas in Pavia, Italy [8]. These scenes
contain materials such as vegetation, asphalt, buildings, and
bare surfaces, with Pavia Centre covering a larger spatial area.
KSC was acquired over the Kennedy Space Center wetland
environment in Florida and contains vegetation classes with
relatively similar spectral characteristics [9]. Together, these
datasets provide agricultural, urban, and wetland classification

problems under different spectral and spatial conditions. The
label distributions are also substantially different: Indian Pines
contains several very small classes, including classes with
fewer than 50 labeled pixels [6], while KSC contains only
5,211 labeled pixels across 13 spectrally similar wetland
classes [9]. These differences become important when only
a small fraction of the available labels is retained.

B. Data Preprocessing and Patch Extraction

We preprocessed all hyperspectral datasets using the same
dataset-level steps before patch extraction and model training.
Each spectral band was independently normalized to the range
[0, 1], and background pixels (class 0) were excluded from
classification. No additional spatial filtering or denoising was
applied so that all band-selection and classification methods
used the same spectral information.

Following the spectral-spatial formulation of Morales et
al. [2], spatial neighborhoods were extracted around labeled
pixels and used as classification samples, with mirror padding
applied at image boundaries. Patch size was selected dur-
ing hyperparameter optimization. Within each cross-validation
fold, class-wise sampling was applied only to the training
portion, with a maximum of 2000 samples retained per class,
while the validation portion preserved its original distribution.

C. Band Selection and Classification Models

We compared three band-selection methods representing
different strategies for identifying useful spectral information:
IBRA+GSS, SSEP, and SRPA. IBRA+GSS first reduces highly
correlated spectral bands using Inter-Band Redundancy Anal-
ysis and then applies Greedy Spectral Selection to refine the
reduced set [3]. SSEP ranks bands according to the agreement
between spatial edges in individual bands and class-boundary
information, while SRPA combines attention-derived band
importance with a penalty for spectral redundancy [4].

Two lightweight 3D CNN architectures were evaluated:
Hyper3DNetLite [3] and the attention-based 3D CNN asso-
ciated with SSEP/SRPA [4]. Hyper3DNetLite is a reduced-
complexity version of Hyper3DNet designed for classification
after spectral reduction, while the attention-based model uses
a shallow 3D convolutional architecture to learn spectral-
spatial representations. Both architectures were used without
modification so that the comparison focused on their behavior
under different band-selection strategies.

For each model–band-selection combination, spectral bud-
gets of 5, 20, and 50 bands were evaluated.

D. Model Training and Supervised Evaluation

Because the two architectures were originally proposed
with different training settings, their hyperparameters were
optimized under a common procedure rather than directly
reusing either original configuration. Bayesian optimization
was performed independently for each dataset using Optuna
[10] with a Tree-structured Parzen Estimator (TPE) sampler
[11]. The search space included Adam and Adadelta optimiz-
ers; patch/stride configurations of 5×5/1, 9×9/1, 13×13/1,



17×17/1, 25×25/1, 33×33/2, and 50×50/1; and batch sizes
of {8, 16, 32, 64, 128}. Batch sizes were restricted to {8, 16}
for 50 × 50 patches and to at most 32 for 33 × 33 patches
because of GPU memory requirements. Adam learning rate
was searched over [10−4, 10−3], while Adadelta ρ and ϵ were
searched over [0.85, 0.99] and [10−7, 10−3], respectively. The
original 50×50, stride-25 configuration of the attention-based
model [4] was also evaluated separately.

Hyperparameter tuning used stratified 2-fold cross-
validation, a maximum of 30 epochs, and early stopping with
patience 3. Two folds were used to keep the computational
cost of the large search space manageable, while stratification
preserved the class distribution. Mean macro F1-score across
folds was used as the optimization objective because sev-
eral datasets are class-imbalanced. The selected architecture–
dataset hyperparameters were then fixed, and no further tuning
was performed after band reduction.

Final evaluation used stratified 10-fold cross-validation for
the six model–band-selection combinations at the three prede-
fined spectral budgets. Band selection was performed indepen-
dently within each training fold to prevent information leak-
age, and the same train/validation folds were used across com-
peting methods. Fold-level macro F1-scores were averaged
for the cross-dataset statistical analysis. Experiments were run
on the Tempest HPC cluster using NVIDIA A40/A100 GPU
nodes.

E. Statistical Comparison and Pipeline Selection

To compare the model–band-selection combinations across
datasets, each dataset was treated as a block and each of the six
combinations as a competing method. Statistical comparison
was performed separately for each spectral budget using the
Friedman test. The pipelines were ranked within each dataset
according to their mean macro F1-score, and the ranks were
then averaged across datasets. The null hypothesis was that
the competing methods performed equivalently across datasets.
When the Friedman test indicated a significant overall differ-
ence, Wilcoxon signed-rank tests were performed between the
best-ranked pipeline and the remaining pipelines, with Holm
correction for multiple comparisons.

The supervised comparison was also used to select the
configuration for the label-scarcity experiments. Selection was
based on cross-dataset performance and ranking stability rather
than an assumption of statistical superiority over all competing
methods. Hyper3DNetLite with IBRA+GSS was therefore
carried forward because it remained among the strongest
configurations across spectral budgets and obtained the best
overall cross-dataset ranking. This selection was based on its
overall behavior across the datasets rather than a claim that
the pipeline is universally superior.

F. Classification under Limited Labeled Data

The second stage examined how the selected spectral-
spatial pipeline behaves when only a fraction of the training
samples is manually labeled. Hyper3DNetLite with the 5-band
IBRA+GSS representation was used for these experiments.

Within each training fold, samples were divided into labeled
and unlabeled subsets using label ratios of 10%, 20%, 40%,
60%, and 80%. The validation portion remained fully labeled
and was not used during pseudo-label generation.

For each label ratio, a supervised baseline was first trained
using only the available labeled subset. This provides a
matched reference for determining whether adding unlabeled
samples provides additional benefit beyond what can already
be learned from the same amount of manually labeled data.

We then applied iterative self-training with pseudo-labels
to the selected Hyper3DNetLite pipeline. In this approach,
sufficiently confident predictions from the current model are
assigned as pseudo-labels to unlabeled samples and reused
during training [12], [13]. Pseudo-labeling was selected be-
cause it provides a simple way to study the contribution
of unlabeled data without introducing an additional SSL-
specific architecture, augmentation strategy, or loss function.
Therefore, this stage is not intended as a comparison of
different SSL algorithms.

After the initial supervised training, the model predicted the
unlabeled samples. Predictions with a maximum softmax prob-
ability greater than 0.9 were added to the labeled training set
as pseudo-labeled samples, and the model was retrained. This
procedure was repeated for three iterations. The confidence
threshold and number of iterations were kept fixed across all
datasets rather than tuned separately.

The final pseudo-labeling result at each label ratio was
compared directly with the supervised model trained using the
same initial labeled subset. This matched comparison separates
the additional contribution of unlabeled samples from the
effect of simply changing the amount of manually labeled
data. Absolute F1-score was also considered, since a small
decrease from an already high F1-score is different from poor
performance of both models.

III. RESULTS AND DISCUSSION

A. Supervised Classification under Band Reduction

The supervised comparison included six competing
pipelines evaluated across five datasets and three spectral
budgets, resulting in 90 dataset–budget–pipeline evaluations.
Table II reports only the best-performing pipeline for each of
the 15 dataset–budget settings. Substantial spectral reduction
did not prevent strong classification performance across the
five benchmark datasets, but no single band-selection strat-
egy was best in every setting. As summarized in Table II,
Hyper3DNetLite appeared in 13 of the 15 best-performing
dataset–band settings, while the attention-based 3D CNN
provided the best result for Pavia University and Salinas in
the 5-band setting.

IBRA+GSS appeared more frequently among the best-
performing configurations as the spectral budget increased,
while SRPA remained competitive across several datasets and
SSEP produced strong results in some of the most reduced
settings. Therefore, no single band-selection method was op-
timal for every dataset. This is reasonable because the amount
of spectral redundancy and the useful class-discriminative



TABLE II
BEST-PERFORMING CONFIGURATIONS BASED ON MEAN F1-SCORE. B:
NUMBER OF BANDS; L: HYPER3DNETLITE; C: ATTENTION-BASED 3D
CNN; IBRA: IBRA+GSS. BOLD ENTRIES INDICATE SETTINGS WHERE

THE ATTENTION-BASED 3D CNN PRODUCED THE BEST CONFIGURATION.

Dataset 5B 20B 50B
Indian Pines L+IBRA (0.9844) L+SRPA (0.9958) L+IBRA (0.9967)
KSC L+SSEP (0.9998) L+SRPA (0.9940) L+SRPA (0.9962)
Pavia Centre L+IBRA (0.9954) L+IBRA (0.9926) L+IBRA (0.9961)
Pavia University C+SSEP (0.9943) L+SRPA (0.9954) L+IBRA (0.9921)
Salinas C+IBRA (0.9835) L+IBRA (0.9766) L+IBRA (0.9876)

TABLE III
FRIEDMAN TEST RESULTS COMPARING SIX MODEL–REDUCTION

PIPELINES ACROSS FIVE HYPERSPECTRAL DATASETS. AN ASTERISK (*)
INDICATES STATISTICAL SIGNIFICANCE AT α = 0.05.

Bands χ2
F p-value

5 4.886 0.430
20 7.743 0.171
50 13.000 0.023*

information differ between agricultural, urban, and wetland
scenes.

The differences among the six pipelines were further eval-
uated using the Friedman test. As shown in Table III, the
differences were not statistically significant at 5 bands (p =
0.430) or 20 bands (p = 0.171), while a significant global
difference was found at 50 bands (p = 0.023). However,
the subsequent Wilcoxon signed-rank comparisons with Holm
correction did not identify a significant difference between
the highest-ranked pipeline and the remaining alternatives.
Therefore, these results do not support a claim that one
pipeline is statistically superior to all others.

The average ranks in Table IV provide another view of
the cross-dataset behavior. Hyper3DNetLite with IBRA+GSS
obtained average ranks of 2.4, 2.6, and 1.4 across the three
spectral settings, giving it the best overall average ranking.
A possible explanation is that Hyper3DNetLite was designed
for classification after spectral reduction, while IBRA+GSS
removes highly correlated spectral information before clas-
sification. Under aggressive reduction, fewer spectral chan-
nels are available for the attention mechanism to re-weight,
which may partly explain the greater variation observed for
some attention-based combinations. The attention-based model
nevertheless remained highly competitive and produced the
best configuration for two of the 5-band cases. This remains
an architectural interpretation rather than a directly tested
mechanism.

Based on the cross-dataset performance and ranking stabil-
ity, Hyper3DNetLite with IBRA+GSS was selected for the
label-scarcity experiments. This was an empirical pipeline-
selection decision rather than a claim of statistical superiority
over all competing methods.

B. Classification under Label Scarcity

Table V compares the supervised baseline and pseudo-
labeling results for Hyper3DNetLite with IBRA+GSS across

TABLE IV
AVERAGE RANK OF MODEL–REDUCTION COMBINATIONS (LOWER IS

BETTER; BEST OVERALL IN BOLD). L: HYPER3DNETLITE; C:
ATTENTION-BASED 3D CNN.

Method 5 Bands 20 Bands 50 Bands Overall
L + IBRA+GSS 2.4 2.6 1.4 2.13
L + SSEP 2.6 3.2 2.8 2.87
L + SRPA 4.4 2.6 3.0 3.33
C + IBRA+GSS 4.2 3.0 5.0 4.07
C + SSEP 3.6 4.6 4.6 4.27
C + SRPA 3.8 5.0 4.2 4.33

the five labeled-data ratios. Each table entry reports the su-
pervised and SSL F1-scores using the same initial amount
of manually labeled data. Bold SSL values indicate settings
where pseudo-labeling improved the matched-label supervised
baseline.

Pseudo-labeling showed two useful behaviors under label
scarcity. It produced a direct improvement over the matched-
label supervised baseline in 8 of the 25 evaluated settings.
These improvements were not uniformly distributed across
labeled-data ratios. Pseudo-labeling improved 1 of 5 datasets
at 10%, 2 of 5 at 20%, 3 of 5 at 40%, 2 of 5 at 60%,
and none at 80%. Thus, pseudo-labeling outperformed the
matched supervised baseline in 5 of the 10 dataset–ratio cases
at the intermediate 40–60% settings, while no improvement
was observed at 80%. However, in many other settings the two
approaches remained very close. Across all experiments, 15 of
the 25 supervised–SSL comparisons differed by no more than
0.01 F1. Therefore, direct improvement is not the only useful
behavior under label scarcity. Maintaining similar performance
while incorporating unlabeled samples also shows that self-
training can remain stable. However, near-equal performance
should also not be interpreted as an additional accuracy benefit
from unlabeled data; it instead shows that self-training did
not substantially degrade the matched supervised result. This
pattern suggests that pseudo-labeling may be most useful in
an intermediate regime where the supervised model is reliable
enough to generate useful pseudo-labels, but enough unlabeled
data remains to provide additional training information. At
very low labeled ratios, weak initialization can limit self-
training, while at high labeled ratios the supervised baseline
leaves less room for improvement.

Clearer gains from pseudo-labeling were observed for Pavia
University and Salinas in selected low-label settings. Pavia
University improved from 0.9346 to 0.9595 at 20% labeled
data, while Salinas improved from 0.8833 to 0.9155 at 10%.
At larger labeled fractions, the supervised and SSL results
generally became similar, consistent with the diminishing
headroom observed as more labeled data became available.
Indian Pines and KSC showed a different behavior. Their
initial supervised performance was much weaker at the small-
est labeled fractions, and pseudo-labeling generally could not
recover the lost performance. For Indian Pines, several small
and imbalanced classes can leave very few representative
samples after the labeled subset is reduced. For KSC, the
low-label behavior may similarly reflect difficulty representing



TABLE V
SUPERVISED AND SSL MEAN F1-SCORES UNDER DIFFERENT LABELED-DATA RATIOS. BOLD SSL VALUES INDICATE IMPROVEMENT OVER THE

MATCHED-LABEL SUPERVISED BASELINE.

Dataset
10% 20% 40% 60% 80%

Supervised SSL Supervised SSL Supervised SSL Supervised SSL Supervised SSL
Indian Pines .0277 .0172 .0354 .0258 .0234 .0684 .5219 .4757 .8558 .8353
KSC .0168 .0133 .3824 .3415 .9647 .9290 .9718 .9408 .9501 .9435
Pavia Centre .9588 .9573 .9799 .9758 .9846 .9892 .9825 .9888 .9879 .9782
Pavia University .8842 .8810 .9346 .9595 .9492 .9530 .9574 .9623 .9740 .9669
Salinas .8833 .9155 .9478 .9561 .9779 .9750 .9854 .9807 .9751 .9645

spectrally similar vegetation classes with a small initial labeled
subset. Since pseudo-labeling depends on predictions from this
initial model, incorrect or uncertain predictions can also limit
the usefulness of the unlabeled samples, which is consistent
with earlier observations from self-training approaches for
hyperspectral classification [12].

Overall, the results suggest three different label-scarcity
regimes. At very low labeled ratios, a weak initial classifier
can limit the reliability of pseudo-labels, as observed for
Indian Pines and KSC. At intermediate ratios, the initial model
is more reliable while a substantial unlabeled pool remains,
which is where most of the direct SSL gains were observed.
At the highest labeled ratio, the supervised baseline was
already strong and pseudo-labeling provided little additional
improvement. These results suggest that the usefulness of
pseudo-labeling depends not only on the amount of labeled
data, but also on whether the initial classifier is sufficiently
reliable while useful unlabeled samples remain available.

IV. CONCLUSION

The experiments show that strong hyperspectral classifi-
cation can be maintained after substantial spectral reduc-
tion, but the preferred band-selection strategy depends on
the dataset and spectral budget. No pipeline was statisti-
cally superior across all evaluated settings. Hyper3DNetLite
with IBRA+GSS nevertheless obtained the best overall cross-
dataset ranking and was therefore used as the operating point
for the label-scarcity analysis. The statistical results support
this as a stable empirical choice rather than as a pipeline that
is significantly superior to every alternative.

Under limited labeled data, pseudo-labeling depended
strongly on the initial supervised model. It provided gains
in several low- and intermediate-label settings and often re-
mained close to the supervised baseline in other cases, but
could not recover performance when the initial model was very
weak. At higher labeled ratios, its additional benefit became
smaller.

These results suggest a practical sequence: first obtain a
reliable band-reduced supervised model with sufficient repre-
sentation of the available classes, and then use high-confidence
pseudo-labels to make use of the remaining unlabeled samples.
Pseudo-labeling should not be expected to compensate for a
weak initial classifier. Future work will examine confidence-
threshold sensitivity and more robust semi-supervised strate-
gies for highly limited or imbalanced labeled subsets.
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